We use anticipated changes in tax rates associated with changes in family composition to estimate intertemporal labor supply elasticities and elasticities of taxable income with respect to the net-of-tax wage rate. A number of provisions of the tax code are tied explicitly to child age and dependent status. Changes in the ages of children can thus a¤ect marginal tax rates through phase-in or phase-out provisions of tax credits or by shifting individuals across tax brackets. We identify the response of labor and income to these tax changes by comparing families who experienced a tax rate change to families who had a similar change in dependents but no resulting tax rate change. A primary advantage of our approach is that the changes are anticipated and therefore should not cause re-evaluations of lifetime income. The estimates of substitution e¤ects should consequently not be confounded by life-cycle income e¤ects. The empirical design also allows us to compare similar families and can be used to estimate elasticities across the income distribution. In particular, we provide estimates for low and middle income families. Using data from the Survey of Income and Program Participation (SIPP), we estimate an intertemporal elasticity of family labor earnings close to one for families earning between $30,000 and $75,000. Our estimates for families in the EITC phaseout range are lower but still substantial. Estimates from the IRS-NBER individual tax panel are consistent with the SIPP estimates. Tests using alternate control groups and simulated "placebo" tax schedules support our identifying assumptions. The high-end estimates suggest substantial e¢ ciency costs of taxation. 
Introduction
Understanding how individuals shift labor supply and income over time in response to wage and tax rate changes is crucial for numerous economic questions. Estimates of intertemporal labor supply elasticities and taxable income elasticities have important implications for life cycle labor supply, aggregate employment ‡uctuations and business cycles, e¢ ciency costs of taxation, and the design of optimal tax and transfer systems. There remains considerable uncertainty over the magnitude of these responses. Most estimates of the intertemporal elasticity of labor supply …nd negligible shifting over time (MaCurdy 1981 , Altonji 1986 , Blundell and MaCurdy 1999 . 1 More recent studies, however, have found more sizable elasticities (Mulligan 1998, Kimball and Shapiro 2003) .
Estimates of the elasticity of taxable income are also variable, ranging from 0.10 to 3 (Gruber and
Saez 2000).
We develop an empirical methodology that allows us to identify elasticities using anticipated tax changes associated with changes in family composition. Parents may claim tax credits and dependent exemptions for their children that are often explicitly tied to children's ages. Changes in the ages of children can thus change parents'marginal tax rates by shifting individuals across tax brackets or through phase-in or phase-out provisions of tax credits. The aging of children provides an exogenous source of variation with which to instrument for actual marginal tax rate changes. We examine changes in family labor supply and income at the time families experience a child-related tax rate change. Only families with incomes close to "kink" points or in phase-in or phase-out ranges experience a change in tax rates as a result of these changes in family composition. We are therefore able to net out changes in tastes that may accompany changes in family composition by comparing our treatment families to similar families who do not experience a tax rate change.
There are several advantages of our methodology for estimating elasticities. A key feature of the strategy is that tax rate changes can be anticipated in advance. This implies that these changes should not precipitate re-evaluations of lifetime income at the time the tax rate change is experienced, allowing us to estimate compensated elasticities that are uncounfounded by life-cycle wealth e¤ects. Most studies estimating the elasticity of taxable income have relied on tax policy changes which are often sudden and may have signi…cant e¤ects on lifetime wealth. Much of the literature is therefore unable to credibly distinguish between income and substitution e¤ects, which is problematic given that the relevant parameter for evaluating the e¢ ciency cost of taxation is the compensated elasticity. The estimation of intertemporal labor supply elasticities has similarly been hindered by a lack of good instruments for anticipated wage changes. By examining the response to tax rate changes that are both exogenous and anticipated, we are able to estimate the compensated elasticity of taxable income and the elasticity of intertemporal labor supply.
Another advantage is that the tax rate changes we study a¤ect individuals throughout the income distribution, which yields two bene…ts. First, this allows us to compare families with very similar income and demographic characteristics. Many previous estimates of the e¤ects of taxes on labor supply rely on comparisons of di¤erent income groups. These comparisons can be problematic if incomes of the di¤erent groups grow di¤erentially over time, as during the growth in inequality over the 1980s. We also include rich controls for base year income, alleviating problems of mean reversion and changes in the income distribution.
Second, evidence suggests that the magnitude of the behavioral response to taxation varies across income levels. In this paper, we are able to provide new elasticity estimates for middle and lower-middle income families that comprise approximately 60 percent of the US income distribution.
Much of the existing literature has focused on estimates for the extremes of the distribution. 2 These estimates are relevant for certain policy questions: elasticities for high income groups may be particularly relevant for calculating revenue e¤ects of tax changes and elasticities for very low income families have important implications for the design of welfare programs. Elasticities for our income ranges, however, are critical for determining the magnitude of aggregate employment ‡uctuations and for evaluating the e¢ ciency costs of taxation.
We implement our methodology by using panel data from the 1990-1996 SIPP panels and the NBER tax panel (1987) (1988) (1989) (1990) . The SIPP is a nationally representative panel survey of households.
The SIPP data contain detailed demographic and income information on all family members, allowing us to measure labor supply responses and decompose those estimates into a variety of margins of response. The tax panel contains precise data on AGI and taxable income and therefore allows us to estimate a broader measure of the response to tax rate changes.
We focus primarily on tax rate changes arising from the loss of a dependent exemption. Using the SIPP, we estimate a signi…cant elasticity of family labor income close to one for families with base year earnings between $30,000 and $75,000. 3 Elasticity estimates for alternate treatment groups (families gaining a dependent and families in the EITC phaseout range) are lower but still large and signi…cant. We …nd broadly consistent estimates for similar families using the tax panel data.
These estimates are higher than those found in previous work. This may be because studies examining unanticipated changes tend to confound substitution and income e¤ects, which would result in downward biased estimates. Our high-end estimates are consistent with elasticities implied by calibrating real business cycle models to data on macro ‡uctuations and imply substantial of high income taxpayers. Studies estimating the elasticity of taxable income of the rich include Feldstein (1995) and Auten and Carroll (1999) . Eissa (1995) estimates the elasticity of taxable income for high-income married women. Studies focusing on labor supply responses of low income families include Eissa and Leibman (1996) , Eissa and Hoynes (1998), Meyer and Rosenbaum (2001) , and Meyer (2002) . 3 Throughout the paper, all dollar …gures are adjusted to year 2000 using the CPI-U.
deadweight loss from taxation.
The remainder of the paper proceeds as follows: Section 2 provides an overview of intertemporal substitution in the life-cycle model and explains the importance of anticipation in separating price and income e¤ects. Section 3 describes the relationship between changes in family composition and changes in marginal tax rates. Section 4 provides a description of the SIPP and NBER tax panel data and Section 5 describes the empirical methodology. Section 6 presents results and tests of the identi…cation strategy. Section 7 discusses implications of the results and directions for future research.
Intertemporal Substitution in the Life-Cycle Model
The traditional life-cycle labor supply model assumes that individuals maximize an intertemporally separable utility function subject to intertemporal and lifetime budget constraints:
A T 0 where t is a discount factor, c it is period t consumption, l it is labor, A it is assets, r t is the interest rate, and a it are characteristics or tastes of the individual in period t. Finding the …rst order conditions and solving for l it gives the following Frisch labor supply equation:
where it is the Lagrange multiplier and equals the marginal utility of income. After taking a log-linear approximation, changes in labor supply over time can be decomposed as follows:
where ln (l it ) is the change in log labor supply (or income), it is changes in tastes, (r it )
denotes di¤erences in the rate of time preference and the interest rate, it is the di¤erence between expected and actual marginal utility of wealth, and " it is a disturbance term. A common approach is to assume r it = , control for various covariates to proxy for changes in tastes, assume perfect capital markets and perfect foresight, and allocate it to the error term.
These assumptions are not innocuous. If individuals cannot smooth consumption over time by borrowing or saving, or if wage changes are unanticipated and lead to permanent changes in lifetime wealth then Cov ( ln (w it ) ; it ) 6 = 0, i.e. the change in the marginal utility of wealth is correlated with the wage change (or, analogously, a change in tastes). In such a case, estimates of that use unanticipated wage changes such as tax reforms are biased because
When leisure is a normal good, this latter term is negative, and estimates are biased downwards. 4 A natural approach to estimating is to use instrumental variables strategies and natural experiments. However, plausible instruments that provide exogenous but anticipated wage changes are rare. The past literature has used age and education related variables as instruments for life cycle wage changes but these are unlikely to be exogenous to changes in tastes and therefore do not satisfy the exclusion restriction. Furthermore, estimates using such characteristics are often 4 The derivation of the labor supply equation is not as straightforward when a non-linear budget set is introduced. However, the same intuition applies. See Blomquist (1985) and Ziliak and Kniesner (1999) for further discussion. We discuss the implications for interpreting our estimates if families are myopic or face credit constraints in the Results section.
sensitive to the choice of instruments (Mroz 1987) . Mulligan (1998) notes these di¢ culties and examines the labor supply response of AFDC recipients to a fully anticipated change in wages: the termination of AFDC bene…ts when the recipient's youngest child turns 18. Mulligan's estimates imply large elasticities (between 0.38 and 1.66). However, Looney and Singhal (2004) show that these e¤ects can be more readily explained by mean reversion (mothers on AFDC are being observed at a time when earnings are transitorily low) than by intertemporal substitution.
The same issue is relevant in the literature on elasticities of taxable income. When tax changes are unanticipated, they a¤ect families'income and lifetime wealth. Resulting elasticity estimates are therefore a mix of income and substitution e¤ects. When leisure is a normal good, mixing income and substitution e¤ects will downward bias elasticity estimates. Few existing studies in the literature have attempted to separate the two. TRA86 was designed to be revenue neutral within income categories and therefore arguably did not induce wealth e¤ects. However, the reform was at best revenue neutral at the income class level, not the individual level. Saez (1999) estimates elasticities using "bracket creep,"an experiment in which income e¤ects are likely to be negligible. Gruber and Saez (2000) attempt to mitigate income e¤ects by explicitly including a term for the change in after-tax income in their estimating equation. However, the one year change in after tax income is not an ideal measure of the total change in wealth over the life-cycle.
Family Composition and Marginal Tax Rates
Changes in the age structure of children may a¤ect marginal tax rates for a number of reasons. Figure 1 illustrates the di¤erences in federal marginal tax rates faced by married couples with di¤ering numbers of dependents. At the lower end of the income distribution the EITC phase-in and phase-out ranges have the greatest e¤ect on marginal tax rates. The child tax credit phaseout increases marginal tax rates by 5 percentage points for families starting at $80,000 for families with children age 16 or younger. These phase-in and phase-out rates add to statutory bracket rates. In addition, the dependent and child care credit, the Hope and Lifetime learning credits, the student loan interest deduction, and the exemption phase-out are all related to a child's age and/or post-secondary school attendance.
The …gure also illustrates changes in marginal tax rates that occur because of the dependent exemption. Increases in the number of dependents reduce taxable income (by $3,000 in 2002) thereby pushing bracket "kink" points to higher levels of AGI. This is apparent in Figure 1 for those families with AGI between $45,000 and $55,000. These bracket shifts move families between the 15 percent bracket and the 28 percent bracket. Therefore when a child no longer quali…es as a dependent (i.e. is neither under age 19 or under age 24 and a full-time student), the marginal tax rate of families in this range roughly doubles. We focus primarily on this group in the following analyses and then consider alternative treatment groups. Figure 2 illustrates the change in the budget set for families losing a dependent in the median income range. For a given level of AGI, after tax income shifts down as a result of the loss of the dependent exemption. For some families, this loss does not result in a change in marginal tax rate. For families with initial AGI in the region immediately below the kink point, the loss of the dependent exemption shifts them into a higher tax bracket. For the same level of AGI, they now face a higher marginal tax rate. As the …gure shows, there are no dominated kink points in our experiment; families may rationally chose to locate over the entire budget set.
Our identi…cation strategy compares changes in labor supply of families for whom the loss of a dependent causes a change in marginal tax rates (the "treatment" group illustrated on Figure   2 ) to changes for families for whom the loss of a dependent has no marginal tax consequences (the "control" groups). Of course, the loss of a dependent may have a number of direct e¤ects on labor supply. However, as long as these direct e¤ects are the same for treatment and control families, our estimates will not be a¤ected. Under the assumption that treatment and control groups experience similar changes in tastes and shocks to income between periods, the labor supply elasticity is identi…ed by changes in the tax rate of the treatment group.
This approach also addresses concerns that di¤erential income trends between treatment and control groups can bias estimates of the response to wage and tax changes (Slemrod 1996 , Goolsbee 2000a . Our empirical approach addresses these issues directly because treatment and control groups are very similar and because we include controls for base period income.
Data
We implement our empirical strategy using data from the 1990-1996 panels of the Survey of Income and Program Participation (SIPP) and the NBER tax panel from 1987-1990. 5 By exploiting both of these data sources, we are able to provide a comprehensive picture of families'responses to tax incentives. The SIPP data contains detailed information on all family members, allowing us to identify husbands'and wives'responses and also to determine whether responses are occurring on participation, hours or other margins. The SIPP also provides a relatively large sample size and the detailed information on children required to predict their status as dependents. The tax panel is smaller and contains only the most rudimentary demographic information, but has the advantage of including income measures taken directly from tax forms without measurement error and allows us to capture other dimensions of the behavioral response to taxation.
The SIPP is a nationally representative panel survey of households. Each panel includes 5 The tax panel data are also referred to as the University of Michigan Tax Panel and the Continuous Work History File. Note that the short panels of the CPS are not suitable for our analysis because of the di¢ culty identifying dependents once they leave the household and poor matching rates. It would be worthwhile to validate our estimates using data such as the Treasury department tax panel data, which contain large samples of taxpayer returns over a long time period and have information on demographic variables unavailable in the public use data. Our strategy could be used with those data to provide estimates for other income ranges not considered here due to sample size constraints. between 20,000 and 45,000 households. Within panels each household is interviewed at four month intervals for between 28 and 48 months. The 1990-1996 panels cover the time period from 1990 to 1999. We focus our attention on married couples who live with their own dependent children (children under age 19 or under 24 and full time students) at some point during the panel. 6 Our empirical strategy involves looking at year to year changes in income and taxes so we …rst-di¤erence the annual observations and use these changes as the unit of observation. We retain only those families with …rst-period income between $30,000 and $75,000 per year. We also drop families that experience a change in marital status or a change in their marginal tax rate greater than 50 percentage points between year 1 and year 2 (0.2 percent of the sample). 7 Table 1 These data span the time period from 1979 to 1990. However, we use only the 1987-1990 years to 6 We limit our sample to married couples because non-married parents often have a choice over which individual claims a child as a dependent. Such claiming decisions may be endogenous to tax incentives. 7 These extreme tax changes are very rare and arise because of kinks in state child-related credits. 8 The remaining families included in column 1 are almost entirely families who experienced a gain of one dependent; families experiencing a gain or loss of more than one dependent represent less than 1% of the sample. avoid complications associated with the 1981 and 1986 tax reforms and because the tax schedule during this period more closely resembles the schedule we examine in the SIPP data. These data provide excellent information on tax-related variables; almost every element of a typical …ler's return is recorded in the data. However, the only demographic information contained in the data is marital status (through …ling status) and a proxy for children (through number of dependents).
The sample originally contained more than 46,000 returns, but after 1981 the IRS choose to follow only a fraction of the original sample. Combined with attrition due to factors like marriage and non-…ling, approximately 20,000 returns remain each year between 1987-1990.
Our sample restrictions are similar to those used for the SIPP. We again restrict the sample to married couples and drop returns …led by dependents or irregular …lers, those who change …ling status, and returns for families experiencing a change in marginal tax rate greater than 50
percentage points between year 1 and 2. Table 2 , column 1, shows that individuals in the selected income range have average wage income of $50,168, quite similar to SIPP sample. Average AGI is $56,365 and taxable income is $36,689. Filers claim an average of 1.3 dependents. Columns 2 and 3 again compare those losing a dependent to those with no change in the number of dependents. These groups appear quite similar.
Methods
The outline of our empirical strategy is as follows: In order to locate families correctly on the tax schedule, we project next year's income using lagged income. We then predict the change in marginal tax rates faced by families and instrument for their actual change in the net-of-tax wage with our predicted change in net-of-tax wage. Regressing changes in labor supply and income variables on this instrumented change in tax price produces estimates of the relevant elasticities.
We predict income in the SIPP panel by running a log linear prediction of this year's income on last year's income and year dummies to capture mean wage growth that year for the families in the $30-$75K income range in the base year. d Income it is given by ln d Income it = ln (Income it 1 )+ P t Y ear t . In the tax panel we take a more simpli…ed approach and assume that AGI remains constant in real terms between year 1 and 2.
We estimate the change in marginal tax rates using NBER's TAXSIM program. 9 TAXSIM calculates state and federal tax liabilities and tax rates from survey data using information on income, marital status, and number and age of children. For each family, we calculate the anticipated change in marginal tax rates from year t 1 to t as the di¤erence in marginal tax rates between the actual marginal tax rate last year and predicted marginal tax rate this year, where the prediction is formed using predicted income and actual number of dependents. Formally this corresponds to the following:
where mtr it is the change in marginal tax rates faced by individual i between periods t 1 and t, and T ax it 1 () is the tax schedule faced by individual i in period t 1 as a function of income and number of dependent children. Note that we use the t 1 tax schedule in both years so that we do not confound changes in tax rates arising from changes in dependents with those arising from changes in tax policy. When using the SIPP data, we de…ne a dependent to be any individual who is eligible to be claimed as a dependent: individuals under 19 living in the household and individuals under 24 who are full-time students. 10 In the publicly available tax panel data, we do 9 See Feenberg and Coutts (1993) for a detailed explanation of the TAXSIM calculators. 1 0 To test our assignment of dependents, we merge data from SIPP Tax Modules to our sample. The predicted number of dependents matches the actual number recorded by the SIPP 92.4 percent of the time for people with a copy of their tax form (N=4,678) and 87.3 percent of the time more generally (N=15,385). Even for children older than 18, our predictions match actual dependents correctly more than 75% of the time. In addition to measurement not have precise information on the ages of children. Therefore, we use changes in dependents claimed as reported on the tax return. Table 3 As a prelude to the estimation strategy described below, we separate the sample of individuals who lose a dependent into those predicted to experience a tax change and those for whom no change is predicted. Table 4 average earnings of families with a tax rate change dropped $3,365 compared to a drop of $649 for families with no change. Our empirical strategy aims to formalize this relationship.
We instrument for the actual change in marginal tax rates with our predicted change and estimate equations similar to those described in section 2:
where ln (l it ) is the change in log labor supply (or taxable income), ln (1 it ) is the instrumented change in the log of the tax price, which measures the change in the net-of-tax wage, and
is the estimate of the elasticity of intertemporal substitution.
Results

Elasticity of Family Labor Income
We focus …rst on families shifting from the 15 percent bracket to the 28 percent bracket as the result of losing a dependent exemption. This is likely to be the cleanest experiment since families are likely to anticipate the loss of a dependent well in advance and to understand the tax consequences. Table 5 presents elasticity estimates from the SIPP sample. The sample in columns 1-3 consists of families with income between $30,000 and $75,000 who lost a dependent between years 1 and 2.
Column 1 presents the base regression of change in log family earnings on change in log tax price controlling for the log of family earnings in year 1 and year …xed e¤ects. The elasticity estimate is 0.97 with a standard error of 0.31. This implies that a one percent change in a family's net-of-tax wage rate results in an almost one percent change in family labor earnings.
Adding controls for the number of dependents in year 2 (column 2) and mother's age (column 3) leave the elasticity estimate virtually unchanged. The estimates are signi…cant at the 5 percent level in all cases. The coe¢ cient on log year 1 earnings is negative (around -0.08) as would be expected if families experience mean reversion in earnings. Controlling for changes in the log of predicted after tax income does not a¤ect the elasticity estimate. These results are also robust to richer controls for base period income and perturbations of the income range.
There are several reasons why our estimates may in fact be lower bounds on the true behavioral response. First, some families may not be aware of the potential change in marginal tax rates arising from changes in dependents. Second, families may not have full control over their incomes. As Saez (2003) points out, this may cause jumps in marginal tax rates to be partially smoothed out, implying that families' perceived change in marginal tax rates may be lower than actual changes. These factors should all create a downward bias in our estimates. Finally, if some families are myopic and do not predict the change in dependents or if families face credit constraints, they may be experiencing income e¤ects. This would also cause us to underestimate the true substitution e¤ect.
In the extreme case where families are completely unable to borrow or save, the intertemporal link is broken and our estimates can be interpreted as comparable to the uncompensated elasticity of labor supply that would arise from a static model. In their framework, which assumes that income and substitution e¤ects perfectly o¤set, these estimates imply a substitution elasticity of one, consistent with our estimates. 11 Anticipation also means that families have the ability to respond both ex ante and ex post, leading to potentially larger measured responses. 12 It should be noted that we are comparing only year-to-year changes and therefore capture only short-run responses to taxation. There are two major reasons we might in general expect short-run responses to tax changes to di¤er from long-run responses. First, families may shift income over time in response to the change, creating an upward bias in the "true" response. While this has been raised as a concern in studies of the rich (Slemrod 1995) , it is less likely to be a concern for families in our income ranges as they have little capital income. Second, families may face commitments that make it di¢ cult to adjust immediately in response to a tax change. In this case, short-run e¤ects might understate long-run impacts. Again, this is unlikely to be problematic in our case.
Because families can anticipate these tax changes in advance, they have time to make necessary adjustments. In this sense, our estimates should be capturing what would traditionally be thought of as the long-run response in a world with commitments. There may, however, be other reasons why short-run and long-run responses di¤er. Because the SIPP panels are 2 1/2 to 4 years and we are able to use only 3 years of the tax panel, we are limited in our ability to explore the dynamics of the e¤ect over a longer time horizon.
Estimates for Alternate Treatment Groups
We now examine income responses for other groups whose marginal tax rates are a¤ected by anticipated changes in family composition: families adding a dependent and families in other ranges of the income distribution. We …rst focus on families in the same income range as above, restricting e¤ects using data from a survey of actual lottery participants. 1 2 It is also possible that families are especially ‡exible at the time a child leaves the household or completes school, making them particularly responsive to tax incentives. It would be worthwhile to explore this possibility further by applying the identi…cation strategy to other child-related tax changes. The child tax credit, for example, is available to certain families until the child turns 17. The marginal tax rate implications of a variety of child-related tax provisions are described in detail by Looney and Singhal (2004) . the sample to families who added a dependent through the birth of a child. This experiment is potentially less clean than the case where a dependent is lost, since it is not clear how far in advance the birth of a child may have been anticipated for all families. Nevertheless, we …nd signi…cant elasticity estimates for this group (Table 6) . In column 1, we regress the change in log family income on the instrumented change in log tax price, year 1 log family income and year dummies using the SIPP data. Our elasticity estimate is 0.23 with a standard error of 0.08. The result is robust to adding a variety of controls including mother's age and the number of year 2 dependents.
These labor income elasticity estimates are quite large, though substantially smaller than our estimates for families losing a dependent. There are several possible reasons for this di¤erence. If families did not anticipate the additional dependent prior to the base year, we may be confounding wealth e¤ects with price e¤ects, downward biasing the estimate. In addition, these families are being shifted into a lower tax bracket and would therefore be expected to increase their labor supply. However, the birth of a child might constrain response margins, leading to a smaller e¤ect than for families losing a dependent. 13 Note that the potential direct negative e¤ect of a child born on labor supply is not problematic for our identi…cation strategy as long as families away from and close to the kink point are a¤ected similarly.
We now examine the response to dependent related tax changes for families in other parts of the income distribution. We focus in particular on families in the phaseout region of the EITC, restricting the sample to families with base year income between $15,000 and $40,000 (Table 6 ). We estimate an elasticity of family labor income for families losing a dependent of 0.09 (not signi…cant) and an elasticity for families gaining a dependent of 0.12 (standard error 0.04).
The downward bias caused by families not understanding the marginal tax rate implications may be particularly severe for this group, particularly since we measure the …rst year response. As 1 3 We might expect to see a larger response for these families later, when the child enters school.
shown in Figure 1 , these families are shifted from one complex tax schedule to another as a result of dependent changes. It may also be the case, however, that the di¤erence is a result of true heterogeneity in elasticities over the income distribution.
Due to sample size constraints, we are unfortunately not able to estimate stable responses for higher income groups.
Placebo Tests
A potential concern with these estimates is that variation in the instrumented tax price may also arise from families being shifted across tax code provisions as a result of noise in the income estimating equation. As a test of our identi…cation strategy we therefore run two types of placebo tests. First, we run the regressions on families in the same income range who did not experience a change in the number of dependents. Second, we estimate the e¤ects using simulated tax schedules in which the tax rate discontinuity is shifted to alternate levels of income. If our estimates are driven by discontinuous changes in taxes arising from changes in dependents (rather than changes induced by our income estimating equation or other spurious e¤ects), we should …nd no response for these groups.
In column 4 in Table 5 , we run the same regression as in column 3 for families with base year income between $30,000 and $75,000 who had no change in the number of dependents between year 1 and year 2. We …nd support for our identi…cation strategy: the coe¢ cient on the change in tax price for this group is essentially zero (-0.004) and insigni…cant. As additional checks, we restrict the sample of families with no change in dependents to be as similar as possible to the treatment group. The sample in column 5 consists of families in the relevant income range who did not experience a change in the number of dependents and whose oldest child is between the ages of 16 and 18 in year 2. The coe¢ cient is again small and insigni…cant. Finally, we restrict the sample to families with no changes in dependents whose oldest child is between 19 and 24 in year 2 (column 6), and again …nd no response. Placebo tests with similar age restrictions for families gaining a dependent also show no response. For families in the EITC phaseout range experiencing no change in dependents, the elasticity estimate is essentially zero (0.0002) and insigni…cant (Table   6 , column 4). Richer placebo tests similar to those discussed above con…rm this …nding.
We then simulate alternative tax schedules and use our methodology to calculate elasticities under the assumption that the treatment groups faced the simulated schedules. In particular, we shift the tax schedule to the left by $10,000 and to the right by $10,000. Table 7 presents the results for treatment groups dropping and adding dependents, in both the middle-income and EITC ranges. None of the elasticity estimates for the two simulated tax schedules are signi…cant, and many are wrong signed.
Decomposition of the E¤ects
The tax rate changes we consider a¤ect marginal tax rates at the family level; the elasticity of family labor income is therefore the measure that best captures the total labor supply response to the change in the net-of-tax wage rate. In this section, we make use of the detailed labor supply data in the SIPP to gain a better understanding of the various components that comprise the total family response. In particular, we examine whether husbands or wives appear to be responding, and whether the response is on participation, hours, or other margins. We run unconditional regressions of change in labor income on change in tax price for husbands and wives separately and similar regressions for changes in participation and hours.
These coe¢ cients should not be interpreted as individual elasticities because the tax rate changes a¤ect both members of the household. Without making strong assumptions about the interaction of preferences within the household (for example, assuming that the husband's labor supply is …xed), we cannot recover the underlying elasticities for each individual. These estimates provide information about the composition of the aggregate response but should not be compared to existing estimates of participation and hours elasticities. Table 8 Note that there may be variation in the change in labor earnings that is not captured by participation and hours. Changes in family labor earnings may also re ‡ect changes in e¤ort or shifts between wage and non-wage compensation.
AGI and Taxable Income
Using tax panel data, we can estimate elasticities of AGI and taxable income. The elasticity of taxable income captures the full behavioral response to the tax rate change and, as emphasized by Feldstein (1999) , is the relevant parameter for evaluating the e¢ ciency costs of taxation. We focus on the $30-75K income range because sample sizes in the EITC phaseout range and in higher income ranges are too small to estimate stable elasticities. We construct the sample as described in Section 3 and assign returns taxable income of $1 if they report no taxable income and AGI is positive. Table 9 presents these results. The elasticity estimate for wage income is 0.65, somewhat lower than the SIPP estimate of 0.97. The point estimates of the elasticities of AGI and taxable income are 0.51 and 4.8 respectively. These point estimates indicate substantial elasticities, broadly consistent with the SIPP estimates. However, the estimates are not statistically signi…cant.
Recall that the SIPP elasticity of family labor income for families gaining a dependent is 0.23.
Running the same regression in the tax panel sample gives a very similar and strongly signi…cant elasticity estimate: 0.16 with a standard error of 0.04. The results for AGI and taxable income are more mixed: the elasticity of AGI is close to zero and insigni…cant; the taxable income elasticity is similar to the wage income elasticity, but also insigni…cant. This may be because these income measures are more noisy than wage income, making it di¢ cult to obtain precise estimates given our sample sizes.
Conclusion
Our empirical strategy employs anticipated changes in marginal tax rates arising from changes in dependents to estimate the behavioral response to taxation. This strategy has certain advantages over strategies that examine the response to legislated changes in tax policy. Most importantly, the tax rate changes we study are fully anticipated and should induce no income e¤ects. Therefore, we can interpret our estimates to be pure compensated elasticities. One reason why our estimates fall on the high side of conventional estimates may be because estimates of substitution elasticities from static models confound life-cycle wealth e¤ects with intertemporal substitution e¤ects.
The intertemporal elasticity of labor supply has important implications for understanding aggregate employment and output ‡uctuations. If workers respond to changes in wages over time by reallocating labor across periods, then productivity shocks can generate large cyclical ‡uctua-tions (Prescott 1986a) . One of the central questions in the debate about these real business cycle models is whether the magnitude of intertemporal substitution is large enough to explain ‡uctua-tions of the size we observe in the United States economy. Our high-end estimates are consistent with the range of elasticities implied by calibration of real business cycle models to the data on macroeconomic ‡uctuations. 14 Most of our estimates of taxable income elasticities are unfortunately imprecise as a result of data limitations. In theory, however, our estimates of labor income elasticities from the SIPP data should be lower bounds on the true elasticities of taxable income. The high-end estimates then imply substantial deadweight loss from taxation.
Exploiting child-related tax rate changes provides a consistent identi…cation strategy for estimating elasticities across the income distribution and over di¤erent periods of time. There is no reason to expect a constant elasticity across income groups, and understanding elasticity heterogeneity is critical for the design of optimal tax systems. In addition, di¤usion of asset ownership, changes in tax law and changes in tax enforcement might all a¤ect the ability of individuals to respond to tax incentives. As Slemrod (1998) and others have pointed out, it is unclear whether di¤ering elasticity estimates in the literature are a result of di¤erences in methodology, di¤erential biases across policy experiments, or di¤erences in behavioral responses at di¤erent points in time.
We believe that this method has great promise for identifying true heterogeneity in elasticities across di¤erent income groups as well potential changes in these elasticities over time.
The empirical strategy can also be extended to examine the behavioral response to anticipated tax changes arising from other types of changes in family demographics. In current work, for example, we are exploring the labor supply decisions of individuals when their spouses retire. The retirement of a spouse can have large, anticipated e¤ects on an individual's marginal tax rates.
The magnitude of the tax change can be very di¤erent for otherwise similar families based on the precise composition of pre-retirement earnings, allowing us to control for the direct e¤ect of a spouse's retirement on labor supply. Using age as a predictor for retirement, we can examine intertemporal labor supply decisions of the elderly, measure complementarities of spousal leisure, and predict the e¤ects of certain Social Security reforms. Notes: Data: 1990-1996 SIPP panels. Includes all married couples with children living in their home with income between $30,000 and $75,000. The sample in columns 1-3 consists of those families who lost a dependent between years 1 and 2. The sample in column 4 consists of families who did not experience a change in the number of dependents. Column 5 restricts the column 4 sample to families whose oldest child is between 16 and 18 in year 2; column 6 restricts the column 4 sample to families whose oldest child is between 19 and 24 in year 2. Results are robust to richer controls for base year income and parents' ages. All regressions include person weights. Robust standard errors clustered by year in parentheses. + significant at 10%; * significant at 5%; ** significant at 1%. Notes: Data: 1990-1996 SIPP panels. +10 K (-10 K) elasticities calculated by assigning families $10,000 less (more) in income when calculating tax parameters to simulate a right (left) shift in the tax schedule of $10,000. All regressions include person weights. Robust standard errors clustered by year in parentheses. * significant at 5%; ** significant at 1%.
losing a dependent gaining a dependent Notes: Controls for log husband's and wife's base year earnings, year dummies and a constant term are included in all regressions. The samples in columns (1), (3), (4), and (6) are for those individuals who did not change their participation decision. Robust standard errors clustered by year in parentheses. * significant at 5%; ** significant at 1%.
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